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Adherence and Implication of Artificial Intelligence (AI) in Managing Financial Crime Risk 

The proposal outlines a holistic strategy to enhancing Financial Crime Risk Management (FCRM) efforts through the integration of responsible artificial intelligence (AI) and cloud technology. This integration is positioned as a radical transform in fighting financial crimes, particularly money laundering, which has turn out to be increasingly complex in the digital age. Although the findings suggest a significant improvement in preventing financial crimes with these technologies, they also point out challenges, including privacy issues and the requirement for specialized knowledge to handle AI systems. This underscores the importance of ongoing research to address and confer these challenges effectively.

Background on Financial Crime
Financial crime, particularly money laundering, is defined by the United Nations Office on Drugs and Crime (UNODC) as the conversion or transfer of property derived from illegal activities to conceal its illicit origin. The money laundering process classically comprises three phases: Placement, when illegitimate funds are deposited into the financial system; Layering, during when obscures these funds origin through multifaceted transactions; and Integration, when the laundered money is assimilated into the legal economy.
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As estimated by the UNODC, money laundering accounts for 2-5% of the world's GDP, translating to an annual figure of between $800 billion and $2 trillion. This illustrates the urgent need for effective AML frameworks as traditional methods struggle against evolving tactics employed by criminals. In 2022 alone, financial institutions faced over $8 billion in AML fines, indicating significant regulatory challenges and the potential for reputational harm due to compliance failures. (Cedrick Agorbia-Atta and Imande Atalor, 2024)

The Effectiveness of Conventional Financial Crime Controls & Emergence of Digitization
Despite significant investment, the efficacy of money laundering prevention and detection remains inadequate. Many jurisdictions continue to struggle with the practical challenges of enforcing and preventing these crimes. (Basel Institute on Governance, 2021)
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Legacy AML strategies are increasingly ineffective due to their inability to adapt to modern financial crimes, particularly those facilitated by digital platforms. The evolution of technology, the rise of digital currencies, and the heightened global financial integration are generating new vulnerabilities that can be exploited by criminals. As of 2025, number of financial crime concerns are projected to become more critical notably (Taylor, E, 2024):





· Financial Crimes related to AI: Synthetic Identity Fraud & AI-Driven Fraud
· Cryptocurrency related Crime: Crypto-Money Laundering & Ransomware
· Voice Cloning Fraud & Deepfake: Voice cloning & deepfake for wire fraud schemes
· Theft of Biometric Data: Biometric data can be compromised through unauthorized access and manipulation
· Fraudulent Environmental, Social, and Governance (ESG) activities: Engaging in greenwashing and submitting incorrect ESG reports.
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Inevitability of AI integration: 
To address these challenges, there has been a growing trend in recent years towards leveraging cutting-edge technologies, particularly Cloud Computing and Artificial Intelligence (AI) to bolster Anti-Money Laundering (AML) capabilities.

Infrastructure supported by AI, leverages predictive analytics, machine learning and natural language processing, to suggest more dynamic and effective approach to monitoring unusual activities.  Conventional compliance methods, which are typically manual and reliant on human effort, are being significantly enhanced or replaced by AI-powered processes. (Arner, Barberis and Buckley, 2015)

AI greatly enhances monitoring efficiency through the automation of routine tasks, permitting AI systems to examine large datasets, recognize irregularities and breaches, and lower the probability of human errors (Bughin et al., 2017).

Additionally, AI facilitates advancing beyond basic rules, enabling comprehensive investigations that identify deceiving or unfair business practices in communications and uncover immoral practices concealed within large datasets (Rai, 2019).

Research Gap
As financial technologies evolve, so do the methods used by criminals, necessitating more advanced solutions. AI offers enhancements such as improved immediate live risk exposure, a substantial decline in incorrect alerts, and better compliance with international regulatory guidelines.
However, challenge remains including solving data protection risks related to data usage, potential biases in AI algorithms, and the need for specialized expertise to manage AI systems effectively. Ethical considerations are paramount; stakeholders must collaborate to safeguard accountability and transparency in AI implementation while nurturing inclusivity and diversity in AI development.
The proposal emphasizes the importance of ethical frameworks in deploying AI for financial crime prevention. It advocates for robust regulations that promote accountability and trust among stakeholders. The ethical implications of using AI include concerns about privacy violations and algorithmic biases that could lead to unfair outcomes. The study calls for strategies that prioritize responsible development and deployment of AI technologies while safeguarding individual rights.

Objectives of the Research: 
The key aims of this proposal includes: 
1. To examine the ethical consequences of employing AI in preventing financial crime.
2. To document current ethical challenges and analyze potential future remedies aimed at mitigating these challenges.
3. To deepen current debates about responsible AI development by providing insights and policy recommendations for stakeholders involved in combating financial crime.

To guide this study, three key questions are to be explored:
· What defines financial crime, its historical development, and the importance of ethical AI in combating it?
· What moral dilemmas are connected with AI integration in preventing financial crimes?
· How do current governance standards oversee AI in financial crime management, and what role do ethical guidelines play in shaping its future?

Research Methodology
The methodology proposed is a mixed-methods approach comprising qualitative and quantitative research elements:
· Qualitative Research: This includes a thorough literature review covering the origins of financial crime, regulatory frameworks, current detection methods' effectiveness, and ethical considerations surrounding AI integration. Additionally, semi-structured interviews with industry specialists will provide insights into practical challenges faced during implementation.
· Quantitative Research: Surveys will be administered to various key players —including Regulatory Authorities, AI Experts, Compliance Professionals, to gather data on adoption rates of AI technologies in AML practices. Statistical analysis will be conducted to identify patterns and relationships among variables.

Future Outlook
The proposal emphasizes balancing technological advancements with ethical responsibilities to combat financial crimes. It aims to enhance AML practices using AI while upholding ethical principles and fostering stakeholder collaboration to create a sustainable model for preventing financial crimes in a digital world.
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The research proposal explores the ethical considerations of implementing generative AI in financial crime risk management, particularly in detecting and preventing money laundering. This critique will evaluate the limitations, strengths and weaknesses of the study within the broader literature on AI, ethics, and financial crime prevention as well as address the comments and feedback received during the presentation on 15 March 2025.

Strengths of the Study
The research proposal, presents several strengths that contribute to its potential impact in the field of financial crime prevention.

· Innovative Use of AI in Anti Money Laundering (AML)
One of the primary strengths of the study is its focus on leveraging generative AI to enhance anti-money laundering (AML) capabilities. The proposal highlights how AI can provide real-time risk detection and reduce false alerts, which are significant challenges in traditional AML systems. This innovative approach aligns with current trends in using technology to combat financial crimes, offering a promising solution to keep pace with sophisticated illicit tactics.

· Emphasis on Ethical Frameworks
The study emphasizes the importance of ethical implementation of AI in financial crime risk management. It acknowledges the necessity of accountability, fairness and transparency, in AI systems to prevent discriminatory practices and safeguard privacy. This ethical focus is crucial as AI systems can perpetuate biases if not designed with ethical considerations. By addressing these concerns, the study contributes to a more responsible and moral deployment of AI technologies.

· Collaborative Approach
The proposal suggests a collaborative effort among technologists, policymakers, ethicists, and society to ensure transparent and moral AI deployment. This interdisciplinary approach is essential for addressing complex ethical issues and developing effective regulations. By involving diverse stakeholders, the study promotes a complete appreciation of AI's possibilities and challenges, fostering a collaborative environment that can lead to more effective solutions.

· Alignment with Global Regulatory Expectations
The study emphasizes compliance with global regulatory expectations, which is vital for ensuring that AI systems used in AML are legally sound and internationally accepted. This alignment with global standards helps in creating a unified front against financial crimes, facilitating cooperation among countries and reducing the risk of regulatory loopholes that criminals might exploit.

· Potential for Enhanced Efficiency
By leveraging AI, the study suggests that financial institutions can enhance their efficiency in complying with AML regulations. This efficiency can lead to cost savings and enhanced resource allocation, allowing institutions to focus on more complex and high-risk cases. The potential for AI to streamline compliance processes is a significant strength, as it can support decreasing the administrative burden related with traditional AML methods.
In summary, the strengths of the study lie in its innovative approach to using AI in AML, its emphasis on ethical considerations, collaborative approach, alignment with global regulations, address of privacy concerns, potential for enhanced efficiency, and contribution to the literature. These strengths position the study as a valuable contribution to the field of financial crime prevention and AI ethics.


Weaknesses of the Study
The proposal while promising, has several weaknesses that need to be addressed:

· Lack of Specific Methodology 
The proposal does not provide a detailed methodology for implementing AI in anti-money laundering (AML) systems. It lacks specific algorithms or models that could be used, along with data sources and validation techniques. This lack of specificity makes it difficult to assess the practical feasibility of the proposed approach.

· Overemphasis on Technology
The study focuses heavily on the technological aspects of AI in AML, potentially overlooking the importance of human oversight and traditional investigative methods. A balanced approach combining AI with human expertise could be more effective in addressing complex financial crimes.




· Regulatory Challenges
While the proposal mentions the need for robust regulations, it does not delve into the specifics of how these regulations would be developed or enforced. Given the global nature of financial crimes, international cooperation and legal frameworks are crucial, yet the study does not provide concrete strategies for achieving this.

· Insufficient Address of Bias in AI Systems
The study highlights the need for diversity and inclusivity in AI development to ensure fair outcomes. However, it does not provide detailed strategies for identifying and mitigating biases in AI models, which is a critical issue in preventing discrimination and ensuring ethical AI deployment.

· Adaptability to Evolving Threats
Financial crimes are constantly evolving, with new methods emerging to bypass AML regulations. The study does not fully explore how AI systems can adapt to these changing threats over time, which is essential for maintaining their effectiveness in preventing financial crimes.
Addressing the above weaknesses will make the proposal more prudent and effective.

Limitations of the Study
The proposal while offering valuable insights, faces several limitations that could impact its practical applicability and broader implications:

· Data Privacy Concerns
The proposal acknowledges privacy concerns as a significant challenge in implementing AI for AML. However, it does not provide concrete solutions for managing sensitive financial data. This is a critical limitation, as ensuring data privacy while using AI for AML requires detailed strategies, such as anonymization techniques, secure data storage, and compliance with data protection regulations like GDPR.

· Technical Infrastructure and Expertise
The proposal assumes that financial institutions have the necessary technical infrastructure and expertise to implement and manage AI systems effectively. However, many institutions, especially smaller ones, may lack the resources and skills needed to deploy AI successfully. This is a limitation that could hinder the widespread adoption of AI in AML.
Also obtaining expertise opinions through interviewing shall remain limited to Hong Kong geographical location only, that may limit the wider understanding of expert sentiments from other part of the world. 

· Human-Machine Interaction
The study does not fully explore the human-machine interaction aspects of AI in AML. Effective collaboration between AI systems and human analysts is essential for leveraging the strengths of both. The proposal could benefit from discussing how human analysts can work with AI to enhance their decision-making and investigative capabilities.

· Scalability and Cost
The proposal does not address the scalability and cost implications of implementing AI in AML. Scaling AI systems to handle large volumes of data and transactions can be challenging and expensive. The proposal could benefit from discussing strategies for making AI solutions more scalable and cost-effective.

Addressing these limitations would strengthen the study and enhance its practical implications for financial crime prevention.

Conclusion
The research proposal on integrating generative AI in anti-money laundering (AML) presents significant strengths, including its innovative approach, emphasis on ethical considerations, collaborative strategy, alignment with global regulations, and potential for enhanced efficiency. However, it also faces notable weaknesses and limitations, such as the lack of specific methodology, overemphasis on technology, regulatory challenges, insufficient bias mitigation strategies, and adaptability issues. Additionally, limitations include data privacy concerns, technical infrastructure and expertise gaps, human-machine interaction challenges, and scalability and cost concerns.

Future Directions:
To strengthen the proposal, it is crucial to address these weaknesses and limitations. This can be achieved by:
· Developing a Detailed Methodology: Specify algorithms, data sources, and validation techniques to enhance practical feasibility.
· Balancing Technology with Human Oversight: Integrate AI with traditional investigative methods to leverage both technological and human expertise.
· Addressing Regulatory Challenges: Outline concrete strategies for developing and enforcing international regulations.
· Mitigating Bias in AI Systems: Implement detailed strategies to identify and mitigate biases in AI models.
· Enhancing Adaptability: Develop AI systems that can adapt to evolving financial crime threats.
· Managing Data Privacy: Implement concrete solutions for managing sensitive financial data, such as anonymization and secure storage.
· Addressing Technical Infrastructure and Expertise Gaps: Provide strategies for smaller institutions to access necessary resources and skills.
· Improving Human-Machine Interaction: Discuss how AI can enhance human decision-making and investigative capabilities.
· Ensuring Scalability and Cost-Effectiveness: Explore strategies for scaling AI solutions efficiently and affordably.

By addressing these areas, the proposal can become more comprehensive and effective in contributing to the field of financial crime prevention using AI.

















Response to Supervisor/Reviewer Comments:
Thank you for your insightful comments on my research proposal. I do appreciate and acknowledge for taking the time and making effort dedicated to providing valuable feedback.
	Suggestions/Comments from Supervisor/Reviewer
	Response from the Author

	Comment 1: “The Title of the Proposal should be changed to accommodate broader perspective as discussing Ethical perspective may narrow down the scope”

	Response: It was acknowledged the existing title of the research proposal shall limit the scope of the proposal. Therefore, it has been replaced with the below title 
Exiting Title: Ethical consideration in implementing Generative AI for Financial Crime Risk Management
Revised Title: Adherence and Implication of Artificial Intelligence (AI) in Managing Financial Crime Risk [Page 3]


	Comment 2: “The critique of the research proposal was too short”
	Response: It was acknowledged that presenting the critique in one slide was not reflective enough of analyze the strengths, weaknesses and limitations of the proposal. Therefore, the critique has been elaborated into this portfolio. [Page- 9 to 13]


	Comment 3: “Summary of the Research Proposal was too long”

	Response: It has been revised and reduced since [Page- 3 to 7]


	Comment 4: “Is the proposal to study on Generative AI or all AI?”

	Response: It was acknowledged that the study will address – both Traditional AI (focused on analysis and prediction within predefined boundaries) and Generative AI (capable of creating new content and adapting to novel situations, making it a powerful tool for innovation and creativity). Therefore, the title of research proposal has been revised to “Artificial Intelligence (AI)” instead of “Generative AI” [Page- 3]


	Comment 5: “Literature Review should not be under -Research Methodology”

	Response: The comment is acknowledged with thanks and has been addressed with revised proposal of Mixed Methodology [Page-16 to 19]




I am truly grateful for the opportunity to address these comments and enhance my proposal. Thank you again for your kind feedback.
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The proposal, presents a timely and relevant topic. However, its limitations, particularly in methodological specifics, suggest that an alternative research design could offer a more robust and comprehensive investigation. A mixed-methods strategy, combination of qualitative and quantitative data collection and analysis, could address many of the existing shortcomings.

Mixed-Methods Approach: An Alternative Research Plan

A mixed-methods style integrates both quantitative and qualitative research methods to provide a more complete understanding of a research problem. This approach can leverage the strengths of both types of data, offering a more nuanced perspective than either method could achieve alone. In the context of this proposal, a mixed-methods design can address the limitations related to methodological specifics, regulatory challenges, and the need for practical implementation strategies.
Addressing Methodological Shortcomings with Quantitative Data
The current proposal lacks detailed methodologies for AI implementation in AML. A quantitative research component can fill this gap by empirically testing the performance of specific AI models in detecting financial crimes.

Quantitative Data Collection:
a) Dataset Compilation: Gather a large dataset of financial transactions, including both legitimate and fraudulent activities. The dataset should include various features relevant to money laundering detection, such as transaction amounts, sender and recipient information, transaction types, and geographical locations.
b) AI Model Implementation: Implement and train several generative AI models (e.g., Generative Adversarial Networks, Variational Autoencoders) on the compiled dataset. Ensure the models are tailored to detect patterns indicative of money laundering, such as unusual transaction volumes, irregular transaction times, and suspicious geographical connections.
c) Performance Metrics: Define clear performance metrics to evaluate the AI models, including:

· Precision: The proportion of correctly identified money laundering cases out of all cases flagged as money laundering.
· Recall: The proportion of actual money laundering cases that the AI model correctly identifies.
· F1-Score: The harmonic mean of precision and recall, providing a balanced measure of the model’s accuracy. The F1 score ranges from 0 to 1, where 1 indicates perfect precision and recall, and 0 indicates the worst possible performance
· False Positive Rate: The proportion of legitimate transactions incorrectly flagged as money laundering.
· Area Under the ROC Curve (AUC-ROC): A measure of the model’s ability to distinguish between positive and negative cases across various threshold settings.

 Quantitative Data Analysis:
a) Statistical Analysis: Perform statistical analysis to compare the performance of different AI models. Use techniques such as Analysis of Variance (ANOVA) and regression analysis to determine which models are most effective in detecting money laundering.
b) Threshold Optimization: Determine optimal threshold settings for each AI model to balance precision and recall. This involves analyzing the trade-offs between minimizing false positives and maximizing the detection of actual money laundering cases.
c) Comparative Analysis: Compare the performance of AI models against traditional AML methods. This can involve benchmarking AI models against rule-based systems or expert systems currently used in financial institutions.

By quantitatively assessing the performance of AI models, the study can provide empirical evidence of their effectiveness in detecting financial crimes, addressing the lack of methodological specifics in the original proposal.

Exploring Regulatory and Ethical Challenges with Qualitative Data
The proposal identifies regulatory and ethical challenges as significant concerns but lacks detailed exploration of these issues. A qualitative research component can provide in-depth insights into the perspectives of stakeholders involved in AI implementation for AML.

 Qualitative Data Collection
 
a) Interviews: Conduct semi-structured interviews with key stakeholders, including:
· AML Compliance Officers: To understand the practical challenges and ethical considerations they face when implementing AI in AML.
· Data Scientists: To identify and analyze the technical difficulties of developing and deploying AI models for financial crime detection.
· Regulatory Experts: To explore the regulatory landscape and potential policy implications of using AI in AML.
· Ethicists: To discuss the ethical considerations of AI implementation, such as privacy, fairness, and transparency.
· Law Enforcement Officials: To understand how AI can assist in their efforts to combat financial crimes.
 b) Focus Groups: Organize focus groups with relevant stakeholders to facilitate discussions on the moral and governing guidance’s of AI in AML.
c) Document Analysis: Analyze relevant policy documents, regulatory guidelines, and industry reports to understand the existing legal and ethical frameworks governing AI use in financial crime prevention.

 Qualitative Data Analysis:
· Thematic Analysis: Use thematic analysis to identify recurring themes and patterns in the interview and focus group data. This involves coding the data to identify key themes related to ethical considerations, regulatory challenges, and implementation strategies.
· Content Analysis: Conduct content analysis of policy documents and industry reports to understand the existing legal and ethical frameworks governing AI use in financial crime prevention.
· Comparative Analysis: Compare the perspectives of different stakeholder groups to identify areas of consensus and disagreement regarding the ethical and regulatory challenges of AI in AML.

By qualitatively exploring the perspectives of stakeholders, the study can provide a deeper understanding of the regulatory and ethical challenges associated with AI implementation, addressing the limitations in the original proposal.

Developing Practical Implementation Strategies through Mixed-Methods Integration
A mixed-methods approach allows for the integration of quantitative and qualitative findings to develop practical implementation strategies for AI in AML.

Integration Strategies:
· Sequential Explanatory Design: Use quantitative findings to inform the selection of participants for qualitative interviews. For example, quantitative analysis might identify specific AI models that perform well in detecting certain types of money laundering. Qualitative interviews can then be conducted with AML compliance officers who have experience implementing these models to understand the practical challenges they face.

· Concurrent Triangulation Design: Collect quantitative and qualitative data concurrently and compare the findings to validate and enrich the results. For example, quantitative analysis might reveal that certain AI models have a high false positive rate. Qualitative interviews can then be conducted with AML compliance officers to understand how they handle false positives in practice.

· Embedded Design: Embed qualitative data collection within a quantitative study to provide context and meaning to the quantitative findings. For example, a quantitative survey might be conducted to assess the adoption of AI in AML among financial institutions. Qualitative interviews can then be conducted with a subset of survey respondents to explore their experiences and perceptions in more detail.


Development of Implementation Strategies:
· Risk Assessment Framework: Develop a risk assessment framework that financial institutions can use to evaluate the ethical and governing risks connected with AI implementation in AML. This framework should incorporate both quantitative and qualitative findings to provide a comprehensive assessment of potential risks.

· Best Practice Guidelines: Develop best practice guidance documents for the ethical implementation of AI in Financial Crime prevention. These guidelines should be informed by both quantitative and qualitative findings and should address issues such as data privacy, bias mitigation, transparency, and accountability.

· Training Programs: Design training programs for AML compliance officers and data scientists to enhance their understanding of AI and ethics in financial crime prevention. These training programs should incorporate both technical and ethical content and should be tailored to the specific needs of financial institutions.

By integrating quantitative and qualitative findings, the study can develop practical implementation strategies that are both evidence-based and contextually relevant, addressing the shortcomings of the original proposal.
In summary adopting a mixed-methods approach, the research can address the limitations of the original proposal and provide a more robust and comprehensive understanding of the ethical implications in implementing AI for financial crime risk management. The approach allows for the empirical testing of AI models, exhaustive exploration of regulatory and ethical challenges, and the development of practical implementation strategies, ultimately contributing to more effective and responsible use of AI in preventing financial crimes.
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The anticipated outcome of the study on responsible AI implementation for financial crime risk management could enrich knowledge, optimize practices, and strengthen management capabilities in the field.

Enhancement of Knowledge

1. Advanced Data Analysis
Enhanced Pattern Recognition: AI can analyze massive quantities of data to recognize complex patterns and irregularities figurative of financial crimes, such as money laundering and fraud. This capability surpasses human analysis in speed and accuracy, allowing for real-time monitoring and intervention (sidharthlahoti, 2024).
Predictive Analytics: By leveraging machine learning and predictive models, AI can forecast potential risks based on historical data and emerging trends, enabling proactive measures against financial crimes (Flagright.com, 2022).

2. Improved Efficiency and Accuracy
Reduction of False Positives: By differentiating more precisely between genuine and suspicious activities, AI systems can greatly reduce false warnings than traditional methods. This reduces the burden on compliance teams and focuses resources on genuine threats (Quest, Charrie and Roy, 2025.) 
Compliance Process Automation: AI optimizes operations by automating tasks such as monitoring transactions and generating regulatory reports, increasing efficiency and ensuring consistency with evolving regulations (Flagright.com, 2022). 

3. Adaptability to Emerging Threats
Continuous Learning: AI systems can adapt to new data and evolving tactics used by financial criminals, ensuring that financial institutions stay ahead of emerging threats (Deloitte Insights, 2024)
Integration with Human Expertise: AI complements human decision-making by automating routine tasks, allowing human professionals to focus on strategic planning and complex investigations (jhaxell and jhaxell, 2024)

4. Regulatory Compliance and Trust
Enhanced Regulatory Compliance: AI helps maintain compliance with international regulations by providing comprehensive audit trails and real-time reporting, ensuring all compliance activities are documented and traceable. 
Building Trust in AI Systems: Transparency in AI operations and ongoing validation of accuracy are crucial for building trust among employees, customers, and regulators (Artificial Intelligence in Banking The changing landscape in compliance and supervision Foreword 2 Acknowledgements 3, 2020)

5. Unified Data Management
Integration Across Silos: AI can unify fragmented data across multiple systems and jurisdictions, rendering a comprehensive view of consumer behavior and transaction patterns. This improves identifying anomalies and guarantees compliance with international standards (Flagright.com, 2022).


Enhancement of Practice

Development of Ethical Guidelines:
The research could lead to the development of specific ethical guidelines for implementing AI in financial crime risk management. These guidelines can suggest the design, deployment, and monitoring of AI, confirming they align with ethical principles and regulatory mandates.

Improved Risk Management Strategies:
The findings from the research will inform the development of more effective risk management strategies. By identifying potential biases, privacy risks, and accountability challenges, organizations can proactively address these issues and mitigate potential harms.

Enhanced Collaboration:
The research promotes collaboration among stakeholders, including technologists, policymakers, ethicists, and society. This interdisciplinary approach can foster a more holistic and responsible approach to AI implementation, ensuring that diverse perspectives are considered and ethical concerns are addressed.





Enhancement of Management

Policy Development:
The research can inform the development of robust regulations and policies governing the application of AI in financial crime prevention. By providing evidence-based recommendations, policymakers can create frameworks that promote innovation while ensuring accountability, transparency, and fairness.
Resource Allocation:
The findings from the research can help organizations make informed decisions about resource allocation. By understanding the costs and benefits of AI implementation, they can prioritize investments in technologies and strategies that offer the greatest potential for ethical and effective financial crime risk management.

Training and Education:
The research underscores the need for training and education programs to equip professionals with the knowledge and skills necessary to manage AI systems ethically. This includes training on data privacy, algorithm bias, and ethical decision-making, ensuring that AI is used responsibly and in accordance with ethical principles.

In conclusion, this research has the potential to transform the field of financial crime risk management by enhancing knowledge, improving practices, and informing management decisions. It sets the stage for a future where AI technologies are harnessed not only to combat financial crimes effectively but also to uphold ethical standards and societal trust.
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Exhibit-1: Money Laundering Cycle
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Source: United Nations Office on Drugs and Crime (2024),
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Table 1: ML/TF Performance- Prevention vs Enforcement
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Exhibit- 2
Common Money Laundering Typologies-Digital Banking
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